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Abstract: Aiming at the application requirement of machine vision technology in the terminal guid-
ance of precision guided weapon, the autonomous target detection and recognition algorithms
based on the convolutional neural network for complex background and small target are studied,
and the network performance evaluation and hardware resource requirement quantitative evaluation
are carried out respectively. Aiming at the optimal algorithm, high-precision neural network com-
pression algorithm based on embedded limited resources is proposed, and the general applicability
of the algorithm is evaluated. Based on the GPU embedded platform, the TensorRT network opti-
mization is realized, Furthermore, the balance of speed and precision is verified by detailed experi-
ments. The experimental results show that the high-precision neural network compression algo-
rithm can effectively improve the inference speed under the condition of limited hardware re-

sources. Finally, the network structure optimized by the algorithm can achieve more than three
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times the speed improvement, and the network accuracy loss is less than 5%.

Key words: Autonomous detection and recognition; Neural network performance evaluation;

Quantitative evaluation of hardware resources; High-precision network compression; Embed-

ded applications
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Tab. 1 Deep learning recognition algorithms parameters and

MAC calculated quantity statistics

Bk WMARST  MAC¥HSGIT  BUESIT
Faster R-CNN 224 X224 25.72G 87.53M
(VGG16) 148X 448 31.59G 87.53M
R-FCN 224 X 224 10. 46G 46. 05M
(ResNet101) 448X 448 11.85G 16. 05M
YOLO 148X 448 20. 28G 271. 7M
ssSD 300X 300 31.37G 26. 28M
(VGG16) 512X512 90. 21G 27.19M
DSSD 513X513 207.97G 254. 98M
YOLOv3 416X 416 65. 43G 61.63M
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Fig. 1 Three-part feature outputs of
YOLOV3 network structure
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Tab. 2 Detailed parameters of YOLOvV3 network output

characteristic diagram

A AR By R B

Conv_6 1X13X13X1024 1X13X13X255 1X1X1024X255
Conv_14 1X26X26X512 1X26X26X255 1X1X512X255

Conv_22 1X52X52X256 1X52X52X255 1X1X256X255
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Fig. 2 Contrast diagram of pruning structure of neural network
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Fig. 3 Pruning process training flow chart
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Fig. 4 Schematic diagram of saturation mapping process
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Fig. 5 Program deployment process based on TensorRT
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Fig. 7 Vertical optimized network structure
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Tab.3 Simulation and verification results of YOLOvV3 on

embedded GPU platform
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